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Abstract
Background: Microarray technology is so expensive and powerful that it is essential to extract
maximum value from microarray data, specially from large-sample-series microarrays. Our web
tools attempt to respond to these researchers' needs by facilitating the possibility to test and
formulate from a hypothesis to entire models under a holistic point of view.
Results: PCOPGene-Net is a web application for facilitating the study of the relationships among
gene expressions under microarray conditions, to classify these conditions and to study their effect
on expression relationships. Furthermore, the system guides the researcher in the navigation
through the microarray data by providing the most suitable genes and information for the
researcher's interests at each moment. We achieve all of these by means of the zoom-out
operation, the zoom-in operation, the non-continuous analysis and crossing the PCOPGene results
with external data-servers.
Conclusion: PCOPGene-Net helps to identify cellular states and the genes involved in these. All
of that is accomplished in a flexible way, guided by the researcher's interests and taking advantage
of the ability of our system to relate gene expressions, even when these relationships are non-
continuous and cannot be found using linear or non-linear analytical methods. Currently, our tools
are used for tumour-progression study from a holistic point of view.
Background
Current biological research, and specially transcriptomics,
generates large amounts of data which researchers need to
analyse in order to understand the underlying process.
DNA microarray technology power lies in its ability to
provide data of a great number of gene expressions
throughout different sample conditions. There are several
relevant web applications for microarray analysis, i.e.,
GEO [1], BIOREL [2], ArrayExpress [3], MicroGen [4] and
GEPAS [5]. Currently, most tools try to extract biological
information from such high-throughput expression data
combining information from co-expressed genes [6] as
well as additional annotations extracted from Gene
Ontology (ADGO) [7], phylogenetic information
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paper, a new approach incorporating the detailed analysis
of the experiments' effect on the fluctuations of gene-
expression relationships to the network analysis is pro-
posed.
The microarray data sets can be provided by: a) temporal
series, useful to study synchronous cellular events, and b)
serial analysis of gene-expression samples under different
conditions (i.e., chemotherapy, temperature, radiation,
starvation, etc.) which are more useful for studying asyn-
chronous events. The progressive increase of microarray
sample-series [10] motivates a more thorough analysis of
expression relationships and gene dependencies through-
out these large series, trying to extract global gene behav-
iours, cellular states and phenotypes. Furthermore, the
large number of microarray genes involves genes belong-
ing to very different processes and functions, thus leading
to a holistic perspective.
Our strategy to achieve this holistic perspective is to
develop several tools which facilitate a progressive analy-
sis of microarrays data with large sample series, leading
the researcher from known marker genes, and progres-
sively widen his/her scope analysis towards the holistic
perspective. This progressive analysis is based on four
approaches:
1. Analysis of linear gene-expression relationships.
2. Analysis of non-linear gene-expression relationships
and study of the fluctuations of this non-linearity.
3. Analysis of non-continuous gene-expression relation-
ships.
4. Facilitating the navigation through the microarray data
based on: researcher interests, the continuous and non-
continuous relationships among gene expressions, and
the links among genes supplied by external biomedical
databases.
In this way, the tools to enable the progressive analysis are
provided.
For this purpose, several methods and tools have been
designed [11-13] and integrated in to the four basic oper-
ations of the PCOPGene-Net detailed below.
Methods
PCOP
The mathematics behind this system makes use of the
Principal Curves of Oriented-Points calculation (PCOP)
[14,15]. The Principal Curves is a non-linear and non-
hypothesis-driven pattern-analysis technique.
PCOP is defined by the generalisation, at the local level,
of the next principal-component property, which is: for a
normal multivariable distribution X, if X is projected over
the hyperplane, the total variance of the projection is min-
imised when the hyperplane is orthogonal to the first
principal component. In this way, the Principal Oriented
Points (POP) are found for each local area, and these local
principal-components vectors will be the tangent vectors
of the PCOP, the curve which goes through all of the POP.
In a previous work [14], it was described how to accurately
define these local areas in the global space and the sam-
ples belonging to each one. One of the main advantages
of PCOP over other methods is the generalisation of the
principal-components variance. The PCOP method pro-
vides a good measure of the data dispersion around the
curve and the capability of a good definition of the local
areas, both being very significant for our applications
[14].
Clustering the samples of each POP (the 'hidden-variable-
dependent' clustering)
Using the 'hidden-variable-dependent' clustering operation
[12], the user can select the different discretised states (the
POPs) obtained in the PCOP calculus. With this action,
the samples belonging to the POP local area are selected.
In this way, the user can separate the sample data in term
of their belonging to the different local behaviours of gene
expression relationships. This new clustering approach,
then, permits one to differentiate the samples belonging
to a continuous dataset on the basis of the non-explicit
reason (or hidden-variable role) of these local tendencies
of expression relationships. For more details about this
clustering method based on the fluctuations of the inner
pattern, consult our work [12].
In the same interface where the PCOP is shown (see
detailed view, Fig. 1 and 2), the samples can be clustered to
define the classes. Previously-defined classes can be col-
oured in the same interface to study their influence on
gene-expression relationships (Fig. 2).
Gene network, gene clusters, minimum-spanning tree, and 
graph layout
The PCOP calculus provides two variance values: the Gen-
eralized Total Variance (GTV) and the Residual Variance
(RV). The Generalized Total Variance (GTV) is the vari-
ance explained by the curve and permits one to know if
the Principal Curve is able to follow the sample-cloud ten-
dency. The Residual Variance (RV) is the variance not
explained by the Curve and describes the degree of disper-
sion of the samples around the Principal Curve. The Gen-
eralized Total Variance (GTV) is the sum of these two
dispersion parameters, and the f factor is the RV divided
by the GTV [15].Page 2 of 8
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non-correlation factor and is used to know how many,
not exclusively linearly, sampled gene-expressions are
related. Once a microarray is uploaded to the server, the
PCOP between each pair of microarray genes is calculated.
Based on this, a minimum-spanning tree and a complete
graph is defined where its edges are the relationships
between each pair of genes for the corresponding f value.
In a previous work [13] is shown the benefit of using the
f value versus other correlation measurements to con-
struct the gene network.
The Java JUNG libraries for analysis and visualization of
network data by web [16] have been used to mount the
interactive graph of the global vision interface (Fig. 3). On
the graph layout, the genes are placed in the 2D space
based on the correlation degree of each gene with its
neighbours, grouping the genes in clusters and facilitating
the showing of the minimum-spanning path among any
set of microarray genes. The minimum-spanning path is
necessary for the zoom-in operation, as it will be immedi-
ately following detailed.
Gene selection algorithm using the minimum-spanning 
path
Considering that a query set of microarray genes intro-
duced by the researcher maintains a certain level of corre-
lation as a set (correlation level which the researcher does
not wish to lose), the researcher expects to obtain the
maximum number of microarray genes which connect the
genes of the query set in expression terms, but conserving
the correlation level of the query set in the new query-
plus-selected-genes set.
The selection algorithm selects the genes (nodes) of the
minimum-spanning tree which connect the query genes,
conforming the minimum-spanning path among them.
When a hierarchical clustering is built using a single link-
age, we obtain a minimum-spanning tree where each edge
of the tree represents the relationship used to add each
new gene or cluster to the tree [17]. In this way, we can
apply these clusters, their hierarchy and the properties of
the hierarchical clustering to their corresponding mini-
mum-spanning tree. And that involves that the mini-
mum-spanning path always converges towards the pair of
genes and clusters best correlated among them, maximis-
ing the correlation degree of the supplied set of genes [13].
The gene selection algorithm using the minimum-spanning
path will be used in the zoom-in operation explained in the
next section.
Results
The web application is composed of two main graphical
interfaces: The global network view (Fig. 3) and the detailed
view (Fig. 1 and 2), some PHPs and CGIs and several data-
bases. The final application provides four basic opera-
tions:
1. the zoom-out operation gives a global vision of the
interdependence among analysed-microarray gene
expressions.
2. At a given moment, the researcher wants to focus his/
her research on a concrete, process or on apparently
unconnected processes, to know what genes are involved
in it and to study their expressions dependence in detail.
This task is provided by the zoom-in operation.
3. However, a lot of genes are not continuously correlated
for all of their expression ranges. To analyse this kind of
non-continuous relationships, the non-continuous analysis
is provided.
The Detailed View (parametric plot)Figur  1
The Detailed View (parametric plot). In the display is 
shown the dependence relationship among the selected 
genes. The ordinate axis indicates the expression level while 
the abscissa indicates the parameter of the function that 
describes the relationship. The lines represent the expres-
sion level of the compared genes for each point of the rela-
tionship. Selecting any point of the relationship, a sample 
class is defined with the samples belonging to this relation-
ship stretch. In the display, it is shown that ENO2 has an 
expression phase and a non-expression phase, with respect 
to the rest of the analysed genes.Page 3 of 8
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limited and in addition, there are many more links among
genes besides the expression links. Remote data-bases will
be consulted to elaborate on the information.
The four operations are illustrated in Fig. 4 and explained
in detail below.
Zoom-out operation
The provides a global network vision with: The graph of
continuous relationships among gene expressions (for all
of the expression range), the gene clusters with the nodes
coloured by the average correlation degree among the
cluster genes, the genes most correlated with a selected
gene, and the correlation degree of the most correlated
genes of a selected gene with the rest of the genes.
Zoom-in operation
The researcher begins selecting his/her genes of interest
from the microarray genes, usually gene markers of con-
crete processes or pathologies that the researcher wants to
relate.
Then, the system supplies the genes which link these gene
markers in expression terms and throughout the expres-
sion range of the genes (continuously). As was seen in the
Methods section (Gene selection algorithm using the mini-
mum-spanning path), the correlation degree of the query set
is conserved in the new query-plus-supplied-genes set. This is
relevant for the final-view step.
Finally, in the detailed view, the dependence among the
expressions of the query-plus-supplied-genes set can be ana-
lysed. The fluctuations of this mentioned dependence are
shown in the graphical interface (Fig. 1).
Non-continuous analysis
There are a lot of non-continuous gene-expression rela-
tionships impossible to analyse with linear or not linear
methods. But furthermore, it can be interesting for the
researcher to study only part of a relationship (for
instance, from a x = y2 relation, only the region where
both genes are underexpressed), it starts a non-continuous
analysis.
First step: Define the classes
The sample classes can be defined from three ways:
Clustering the samples from a part of a gene-expression
range.
Clustering the samples from a part of a gene-expression
relationship (the hidden-variable-dependent clustering, see
methods section).
Sample clustering based on previous knowledge: The clus-
ters comes from a) medical or biological origin, provided
for example by the microarray developers, or b) obtained
by different statistical methods such as k-nearest neighbor
[18], Self-organizing Maps [19], Principal Components,
Biclustering [20], Locally Linear Embedding [21] and so
on.
The advantage of defining the clusters from an expression
relationship instead of an expression range is that we are
selecting the samples by the tendency maintained by the
relationship among two or more genes. As a result, our
clustering from an expression relationship class definition
more accurately defines the boundaries of the cell state
that we wish to associate with the sample class [11]. In
contrast to the previous knowledge way using a statistical
method that clusters the sample conditions by gene-
expression similarity using all of the genes (or some of
them in Biclustering [22]), in the clustering from an expres-
sion relationship way, the sample clustering uses only the
gene markers of the processes in which the researcher is
interested (and based on the tendency of their expression
relationship). One of the main features that distinguishes
our cluster and class definition tools from the global sta-
The Detailed View (geometric plot)Figur  2
The Detailed View (geometric plot). The expressions of 
two genes are being compared in the display. Each axis rep-
resents the expression level of each gene, the data cloud rep-
resents the values of the microarray experiments [32] for 
the compared genes, and the line represents the dependence 
relationship between the gene expressions. The samples 
belonging to different sample classes previously defined are 
painted with different colours.Page 4 of 8
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classes defined by the microarray authors used in GEO [1]
is the flexibility of our progressive class definitions.
Second step: Searching non-continuous relationships
Once the sample classes are defined, the next step is to
define a class distribution and search these genes that fol-
low this distribution of classes along their expressions. For
instance, we can query the genes in whose expressions one
class is over-expressed, with respect another. The supplied
genes should maintain a non-continuous relationships
among their expressions, where these relationships will be
defined by the class distribution required in the search
[11].
Last step: Observing the classes in the detailed view
Finally, in the detailed view, the distribution of the sample
classes along a gene-expression relationship can be
observed (Fig 2). In this way, the effect of each class on the
fluctuations of the dependence relationship can be ana-
lysed.
Biomedical Database Remote access
The purpose is to supply complementary information
beyond expression relationships.
The GEO Microarrays-database [1] would be accessed
attempting to know if the marker genes found for the ana-
lysed microarray (for instance, the genes supplied by the
search of the last section) are gene markers in any GEO
datasets.
The searches of the zoom-in operation and non-continu-
ous analysis select new gene markers in expression terms.
However, the researcher cannot know much more about
these genes at first. Accessing the remote databases, the
researcher can contextualise these relationships with new
biological and medical information; for instance, observ-
ing their location in KEGG maps [23], their proteins'
interaction [24-26], PubMed [27] papers that talk about
their connection, etc.
There are gene relationships that cannot be found in
expression terms. Nevertheless, these relationships can be
found accessing the remote biomedical databases (for
instance, interaction at the protein level, activation by
means of phosphorylation, proteolytic inactivation, etc.).
In this way the researcher can extend his/her analysis to
new genes related with the current genes of interest but
not exclusively in expression terms. The scope of this new-
genes search can be limited to the clusters of selected
The Global-Network ViewFigure 3
The Global-Network View. Interactive network showing the microarray-genes interdependence in expression terms. All of 
the operations of the PCOPGene-Net are launched from this interface.Page 5 of 8
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these selected genes.
Assigning attributes to the sample classes
Our main objective is the holistic study of cell behaviour
taking advantage of the high-throughput potential of
microarray data. The classes definition and the attributes
assignment to sample classes are the key points to achieve
this. In this way, the cellular states and processes should
be characterised, trying to associate them with a concrete
class or subclass.
The attributes should give biological meaning to the sam-
ple classes, helping to identify and describe the cell state
in its widest definition, which each class represents. The
assignment of attributes comes from the four operations
previously described: From the non-continuous analysis
comes the definition of sample classes, from the zoom-in
operation and non-continuous analysis comes the identi-
fication of gene markers of each class, and from the access
to remote databases come the attributes assigned to each
class on the basis of the gene markers of each one. It works
as follows.
Obtaining gene markers from continuous analysis
The dependence relationship among gene expressions can
be observed in continuous analysis (Fig. 1 and 2). Each
fluctuation of this dependence can be selected as a new
sample class. Then, the compared genes become gene
markers of the new sample class, giving new attribute to it
s. Note that the compared genes can be gene markers of
apparently unconnected processes.
Obtaining gene markers form non-continuous analysis
The genes supplied by the search will be the gene markers
for the classes used as search parameters. These gene
markers will give new attributes to the classes.
Defining subclasses and obtaining more gene markers
When a subclass is defined from a sample class selecting
only a part of the class samples, the subclass has got the
attributes of the original class plus the new and differenti-
ated attributes. It is commonly performed when a previ-
ously defined class is observed in a new relationship
analysis, and the researcher wishes to define a new class
from this relationship while conserving the original class
discrimination (Fig. 2). The genes compared in the new
Basic analysis procedure using the PCOPGene tools: Zoom-out operation, Zoom-in operation and the non-continuous analysisFigure 4
Basic analysis procedure using the PCOPGene tools: Zoom-out operation, Zoom-in operation and the non-con-
tinuous analysis.
The four operations include a phase for user interaction where the researcher reflects his/her interests
a phase where the system supplies the new gene markers to extend his/her analysis
and a view phase Page 6 of 8
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class but not of the original one.
Obtaining attributes based on gene markers by accessing remote 
databases
The attributes can come from two kinds of databases:
Ones about gene-expressions and others besides gene-
expressions.
Accessing the GEO microarray datasets [1] for class gene-
marker, the researcher obtains the microarrays for which
this gene is also a gene marker. The attributes of these
microarray sample series will be the new attributes of the
class.
Accessing the biomedical databases [1,23-31] for class
gene-markers, the researcher will obtain the attributes that
will give the biological and medical significance to sample
classes. Notice that in this way the information will not be
supplied for each gene separately but rather for all of the
gene markers as a whole, defining the cell state of the sam-
ple class.
Conclusion
Let us see now how the four described operations are
adjusted to the four approaches followed to achieve the
progressive analysis towards the holistic perspective.
Through the zoom-in and zoom-out operations, the analysis
of the linear and non-linear relationships among gene-
expressions are made. With the zoom-in operation, the
detailed analysis of the expression-dependence fluctua-
tions is also provided.
Through the non-continuous analysis, the non-continu-
ous relationships among gene-expressions that cannot be
detected by linear and non-linear methods can be finally
analysed.
The progressive extension of the analysis scope based on
researcher's interests are present in all four operations: In
the zoom-in operation, the genes linking the query ones
are supplied. In the non-continuous analysis, the genes
whose expression follows the required class distribution
are also supplied and the classes are successively redefined
in to subclasses. The access to remote databases enables
expanding the analysis beyond the expression relation-
ships.
All of the operations are highly flexible and complemen-
tary using the results of one as an input of the next one,
thus making the progressive analysis possible. The pur-
pose is to obtain the sample classes and attributes that
characterise these classes and, in a roundabout way, char-
acterise the cellular state or phenotype that these classes
represent.
With this analysis of the microarray sample conditions
divided into classes, we deal with the principal objective
of our web application: "Studying the cell behaviour and
phenotype changes from a holistic point of view". Note
that gene markers of very different processes can be related
in all of the operations for extending the analysis (taking
advantage of the high-throughput capability of microar-
ray technology). The web application is currently used for
tumour study from a holistic point of view, covering fields
like cellular stress, cell proliferation, tissue remodelling,
mitochondrial activity, oxygen and ROS/NOS levels, cell
differentiation and dedifferentiation, membrane polarity,
intracellular and extracellular pH levels, circadian
rhythms, the inference of the sympathetic and parasympa-
thetic nervous system, metastasis, or interaction with
viruses and bacteria.
Availability and requirements
• Project name: PCOPGene
• Project home page: http://revolutionre
search.uab.es
• Operating system(s): Web-based application
• Programming language: PHP, Java, flash-script,
CGI, C++, Perl, Matlab (interfaces for matlab users).
• Other requirements: Mozilla 5.0, sea monkey 1.0,
Firefox 1.0 or Explorer 6.0. flash plug-in 7.0 and Java
1.3.1 or higher versions.
• License: Free access. Source codes available in the
web.
• Any restrictions for use by non-academics: we pre-
fer non-profit use.
The server is freely accessible for guest users. However,
users are encouraged to fill in a very simple registration
form for better privacy and convenience. A PCOPGene-
Net tour is provided to describe the application's use, and
it is indexed from the application help. For mathematical
and computational details, technical reports are also
available in the web.
Authors' contributions
MH and JC designed the methods and the application, its
use on microarray data sets for researching and writing the
paper. DP and AR performed the implementation. EQ has
supported the process, and is the link with other researchPage 7 of 8
(page number not for citation purposes)
BMC Bioinformatics 2009, 10:138 http://www.biomedcentral.com/1471-2105/10/138Publish with BioMed Central   and  every 
scientist can read your work free of charge
"BioMed Central will be the most significant development for 
disseminating the results of biomedical research in our lifetime."
Sir Paul Nurse, Cancer Research UK
Your research papers will be:
available free of charge to the entire biomedical community
peer reviewed and published immediately upon acceptance
cited in PubMed and archived on PubMed Central 
yours — you keep the copyright
Submit your manuscript here:
http://www.biomedcentral.com/info/publishing_adv.asp
BioMedcentral
teams in the use of the PCOPGene application in their
own data-analysis, tackling areas such as neurosciences or
tumour-genesis.
Acknowledgements
This research was supported by Grants BFU2004-06377-C02-01 from the 
MCYT (Ministerio de Ciencia y Tecnología, Spain) and by the Centre de 
Referència de R+D de Biotecnologia de la Generalitat de Catalunya. The 
English of this manuscript has been read and corrected by Mr. Chuck Sim-
mons, a native, English-speaking Instructor of English of this University.
References
1. Barrett T, Suzek TO, Troup DB, Wilhite SE, Ngau WC, Ledoux P,
Rudnev D, Lash AE, Fujibuchi W, Edgar R: NCBI GEO: mining mil-
lions of expression profiles – database and tools.  Nucleic Acids
Res 2005, 33:D562-566.
2. Antonov AV, Tetko IV, Mewes HW: A systematic approach to
infer biological relevance and biases of gene network struc-
tures.  Nucleic Acids Research 2006, 34(1):e6.
3. Parkinson H, Sarkans U, Shojatalab M, Abeygunawardena N, Contrino
S, Coulson R, Farne A, Lara GG, Holloway E, Kapushesky M, et al.:
ArrayExpress – a public repository for microarray gene
expression data at the EBI.  Nucleic Acids Res 2005, 33:D553-555.
4. Burgarella S, Cattaneo D, Pinciroli F, Masseroli M: MicroGen: a
MIAME compliant web system for microarray experiment
information and workflow management.  BMC Bioinformatics
2005, 6(Suppl 4):S6.
5. Tarraga J, Medina I, Carbonell J, Huerta-Cepas J, Minguez P, Alloza E,
Al-Shahrour F, Vegas-Azcarate S, Goetz S, Escobar P, et al.: GEPAS,
a web-based tool for microarray data analysis and interpre-
tation.  Nucleic Acids Res 2008, 36:W308-314.
6. Frickey T, Weiller G: Analyzing microarray data using CLANS.
Bioinformatics 2007, 23:1170-1171.
7. Nam D, Kim SB, Kim SK, Yang S, Kim SY, Chu IS: ADGO: analysis
of differentially expressed gene sets using composite GO
annotation.  Bioinformatics 2006, 22:2249-2253.
8. Frickey T, Lupas A: CLANS: a Java application for visualizing
protein families based on pairwise similarity.  Bioinformatics
2004, 20:3702-3704.
9. Thimm O, Blasing O, Gibon Y, Nagel A, Meyer S, Kruger P, Selbig J,
Muller LA, Rhee SY, Stitt M: MAPMAN: a user-driven tool to dis-
play genomics data sets onto diagrams of metabolic path-
ways and other biological processes.  Plant J 2004, 37:914-939.
10. Hall PA, Todd CB, Hyland PL, McDade SS, Grabsch H, Dattani M, Hil-
lan KJ, Russell SE: The septin-binding protein anillin is overex-
pressed in diverse human tumors.  Clinical cancer research 2005,
11:6780-6786.
11. Cedano J, Huerta M, Querol E: NCR-PCOPGene: An Explora-
tory Tool for Analysis of Sample-Classes Effect on Gene-
Expression Relationships.  Advances in Bioinformatics 2008, 2008:7.
12. Cedano J, Huerta M, Estrada I, Ballllosera F, Conchillo O, Delicado P,
Querol E: A web server for automatic analysis and extraction
of relevant biological knowledge.  Comput Biol Med 2007,
37:1672-1675.
13. Huerta M, Cedano J, Querol E: Analysis of nonlinear relations
between expression profiles by the principal curves of ori-
ented-points approach.  J Bioinform Comput Biol 2008, 6:367-386.
14. Delicado P, Huerta M: Principal curves of oriented points: The-
oretical and computational improvements.  Computation Stat
2003, 18:293-315.
15. Delicado P: Another look at principal curves and surfaces.  Jour-
nal of Multivariate Analysis 2001, 77:84-116.
16. O'Madadhain J, Fisher D, Smyth P, White S, Boey YB: Analysis and
visualization of network data using JUNG.  Journal of Statistical
Software 2005, VV:1-35.
17. Gower JC, Ross GJS: Minimum Spanning Trees and Single
Linkage Cluster Analysis.  The Royal Statistical Society Series C-
Applied Statistics 1969, 18:54.
18. Ripley B: Pattern Recognition and Neural Networks Cambridge Univer-
sity Press; 1996. 
19. Kohonen T: Comparison of SOM point densities based on dif-
ferent criteria.  Neural Comput 1999, 11:2081-2095.
20. Wu CJ, Kasif S: GEMS: a web server for biclustering analysis of
expression data.  Nucleic Acids Res 2005, 33:W596-599.
21. Chao S, Lihui C: Feature Dimension Reduction For Microarray
Data Analysis Using Locally Linear Embedding.  Proceedings Of
The 3rd Asia-Pacific Bioinformatics Conference 2005, 1:211-218.
22. Tanay A, Sharan R, Shamir R: Discovering statistically significant
biclusters in gene expression data.  Bioinformatics 2002,
18(Suppl 1):S136-144.
23. Wixon J, Kell D: The Kyoto encyclopedia of genes and
genomes – KEGG.  Yeast 2000, 17:48-55.
24. Alfarano C, Andrade CE, Anthony K, Bahroos N, Bajec M, Bantoft K,
Betel D, Bobechko B, Boutilier K, Burgess E, et al.: The Biomolecu-
lar Interaction Network Database and related tools 2005
update.  Nucleic Acids Res 2005, 33:D418-424.
25. Mishra GR, Suresh M, Kumaran K, Kannabiran N, Suresh S, Bala P, Shi-
vakumar K, Anuradha N, Reddy R, Raghavan TM, et al.: Human pro-
tein reference database – 2006 update.  Nucleic Acids Res 2006,
34:D411-414.
26. Breitkreutz BJ, Stark C, Reguly T, Boucher L, Breitkreutz A, Livstone
M, Oughtred R, Lackner DH, Bahler J, Wood V, et al.: The BioGRID
Interaction Database: 2008 update.  Nucleic Acids Res 2008,
36:D637-640.
27. Motschall E, Falck-Ytter Y: Searching the MEDLINE literature
database through PubMed: a short guide.  Onkologie 2005,
28:517-522.
28. The Gene Ontology project in 2008.  Nucleic Acids Res 2008,
36:D440-444.
29. Hamosh A, Scott AF, Amberger JS, Bocchini CA, McKusick VA:
Online Mendelian Inheritance in Man (OMIM), a knowledge-
base of human genes and genetic disorders.  Nucleic Acids Res
2005, 33:D514-517.
30. Wheeler DL, Barrett T, Benson DA, Bryant SH, Canese K,
Chetvernin V, Church DM, Dicuccio M, Edgar R, Federhen S, et al.:
Database resources of the National Center for Biotechnol-
ogy Information.  Nucleic Acids Res 2008, 36:D13-21.
31. Wheeler D: Using GenBank.  Methods Mol Biol 2007, 406:23-60.
32. Scherf U, Ross DT, Waltham M, Smith LH, Lee JK, Tanabe L, Kohn
KW, Reinhold WC, Myers TG, Andrews DT, et al.: A gene expres-
sion database for the molecular pharmacology of cancer.  Nat
Genet 2000, 24:236-244.Page 8 of 8
(page number not for citation purposes)
